Probabilistic (logic) programming concepts (SUM tutorial) by Kimmig, Angelika
Probabilistic (Logic) 
Programming Concepts
Angelika Kimmig
SUM 2016
1
A key question in AI:
Dealing with uncertainty
Reasoning with 
relational data
Learning
?
2
A key question in AI:
Dealing with uncertainty
Reasoning with 
relational data
Learning
?• logic
• databases
• programming
• ...
2
A key question in AI:
Dealing with uncertainty
Reasoning with 
relational data
Learning
?• logic
• databases
• programming
• ...
• probability theory
• graphical models
• ...
2
A key question in AI:
Dealing with uncertainty
Reasoning with 
relational data
Learning
?• logic
• databases
• programming
• ...
• probability theory
• graphical models
• ...
• parameters
• structure
2
A key question in AI:
Dealing with uncertainty
Reasoning with 
relational data
Learning
Statistical relational learning, probabilistic logic 
learning, probabilistic programming, ...
?• logic
• databases
• programming
• ...
• probability theory
• graphical models
• ...
• parameters
• structure
2
border
border
border
border
Alliance 2
Alliance 3
Alliance 4
Alliance 6
P 2
1081
895
1090
1090
1093
1084
1090
915
1081
1040
770
1077
955
1073
8041054
830
9421087
786
621
P 3
744
748
559
P 5
861
P 6
950
644
985
932
837
871
777
P 7
946
878
864 913
P 9
NELL:  http://rtw.ml.cmu.edu/rtw/
3
Two main streams
• Lifted graphical models
• Probabilistic (logic) programming
L. De Raedt and A. Kimmig. Probabilistic (logic) programming concepts. MLJ, 100(1), 5-47, 2015. 
A. Kimmig, L. Mihalkova, and L. Getoor. Lifted graphical models: a survey. MLJ, 99(1), 1-45, 2015. 
0.8::stress(ann).
0.6::influences(ann,bob).
0.2::influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), smokes(Y).
grade(S,C) difficult(C) demanding(P)
takes(S,C)
 1(grade(S, C), difficult(C))
teaches(P,C)
 2(demanding(P), difficult(C))
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london uk
york uk
paris usa
cityIn
select x.person, y.country
from bornIn x, cityIn y
where x.city=y.city 
[Suciu et al 2011]
Dealing with 
uncertainty
relational 
database
Probabilistic Databases
Learning
one world 
6
person city
ann london
bob york
eve new york
tom paris
bornIn
city country
london uk
york uk
paris usa
cityIn
select x.person, y.country
from bornIn x, cityIn y
where x.city=y.city 
[Suciu et al 2011]
relational 
database
tuples as random 
variables
Probabilistic Databases
Learning
one world 
6
person city
ann london
bob york
eve new york
tom paris
bornIn
city country
london uk
york uk
paris usa
cityIn
person city P
ann london 0.87
bob york 0.95
eve new york 0.90
tom paris 0.56
bornIn
city country P
london uk 0.99
york uk 0.75
paris usa 0.40
cityIn
select x.person, y.country
from bornIn x, cityIn y
where x.city=y.city 
[Suciu et al 2011]
relational 
database
tuples as random 
variables
Probabilistic Databases
Learning
one world 
several possible worlds 
6
person city
ann london
bob york
eve new york
tom paris
bornIn
city country
london uk
york uk
paris usa
cityIn
person city P
ann london 0.87
bob york 0.95
eve new york 0.90
tom paris 0.56
bornIn
city country P
london uk 0.99
york uk 0.75
paris usa 0.40
cityIn
select x.person, y.country
from bornIn x, cityIn y
where x.city=y.city 
[Suciu et al 2011]
relational 
database
tuples as random 
variables
Probabilistic Databases
Learning
one world 
several possible worlds 
6
person city
ann london
bob york
eve new york
tom paris
bornIn
city country
london uk
york uk
paris usa
cityIn
person city P
ann london 0.87
bob york 0.95
eve new york 0.90
tom paris 0.56
bornIn
city country P
london uk 0.99
york uk 0.75
paris usa 0.40
cityIn
select x.person, y.country
from bornIn x, cityIn y
where x.city=y.city 
probabilistic tables + database queries
→ distribution over possible worlds
[Suciu et al 2011]
Probabilistic Logic 
Programming
Distribution Semantics [Sato, ICLP 95]:
probabilistic choices + logic program
→ distribution over possible worlds
e.g., PRISM, ICL, ProbLog, LPADs, CP-logic, ... 
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Extensions of basic PLP
Distribution Semantics [Sato, ICLP 95]:
probabilistic choices + logic program
→ distribution over possible worlds
continuous RVs
decisions
constraints
time & dynamics
programming 
constructs
semiring 
labels
...
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Roadmap
• Modeling 
• Reasoning
• Language extensions
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Alternative view: 
CP-Logic
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[Vennekens et al, ICLP 04]
throws(john).
0.5::throws(mary).
0.8 :: break :- throws(mary).
0.6 :: break :- throws(john).
probabilistic causal laws
John throws
Window breaks
Window breaks Window breaks
doesn’t break
doesn’t break doesn’t break
Mary throws Mary throwsdoesn’t throw doesn’t throw
1.0
0.6 0.4
0.50.5
0.5 0.5
0.80.8
0.20.2
P(break)=0.6×0.5×0.8+0.6×0.5×0.2+0.6×0.5+0.4×0.5×0.8
• Discrete- and continuous-valued random variables
Distributional Clauses (DC)
[Gutmann et al, TPLP 11; Nitti et al, IROS 13]20
• Discrete- and continuous-valued random variables
Distributional Clauses (DC)
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• Discrete- and continuous-valued random variables
Distributional Clauses (DC)
length(Obj) ~ gaussian(6.0,0.45) :- type(Obj,glass).
stackable(OBot,OTop) :- 
      ≃length(OBot) ≥ ≃length(OTop), 
      ≃width(OBot) ≥ ≃width(OTop).
[Gutmann et al, TPLP 11; Nitti et al, IROS 13]
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• Discrete- and continuous-valued random variables
Distributional Clauses (DC)
length(Obj) ~ gaussian(6.0,0.45) :- type(Obj,glass).
stackable(OBot,OTop) :- 
      ≃length(OBot) ≥ ≃length(OTop), 
      ≃width(OBot) ≥ ≃width(OTop).
ontype(Obj,plate) ~ finite([0 : glass, 0.0024 : cup,
                            0 : pitcher, 0.8676 : plate,
                            0.0284 : bowl, 0 : serving, 
                            0.1016 : none]) 
                        :- obj(Obj), on(Obj,O2), type(O2,plate).
[Gutmann et al, TPLP 11; Nitti et al, IROS 13]
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Distributional Clauses (DC)
length(Obj) ~ gaussian(6.0,0.45) :- type(Obj,glass).
stackable(OBot,OTop) :- 
      ≃length(OBot) ≥ ≃length(OTop), 
      ≃width(OBot) ≥ ≃width(OTop).
ontype(Obj,plate) ~ finite([0 : glass, 0.0024 : cup,
                            0 : pitcher, 0.8676 : plate,
                            0.0284 : bowl, 0 : serving, 
                            0.1016 : none]) 
                        :- obj(Obj), on(Obj,O2), type(O2,plate).
[Gutmann et al, TPLP 11; Nitti et al, IROS 13]20
relational 
database
tuples as random 
variables
Probabilistic Databases
Learning21
person city
ann london
bob york
eve new york
tom paris
bornIn
city country
london uk
york uk
paris usa
cityIn
person city P
ann london 0.87
bob york 0.95
eve new york 0.90
tom paris 0.56
bornIn
city country P
london uk 0.99
york uk 0.75
paris usa 0.40
cityIn
select x.person, y.country
from bornIn x, cityIn y
where x.city=y.city 
probabilistic tables + database queries
→ distribution over possible worlds
[Suciu et al 2011]
Example: 
Information Extraction
22 NELL:  http://rtw.ml.cmu.edu/rtw/
instances for many 
different relations
degree of certainty
Querying: probabilistic db
23 [Example from Suciu et al 2011]
Querying: probabilistic db
23
select x.Product, x.Company
from ProducesProduct x, HeadquarteredIn y
where x.Company=y.Company and 
y.City=‘san_jose’
same query - 
probabilities handled implicitly
[Example from Suciu et al 2011]
Querying: probabilistic db
23
select x.Product, x.Company
from ProducesProduct x, HeadquarteredIn y
where x.Company=y.Company and 
y.City=‘san_jose’
0.96x0.99=0.95
[Example from Suciu et al 2011]
Querying: probabilistic db
23
select x.Product, x.Company
from ProducesProduct x, HeadquarteredIn y
where x.Company=y.Company and 
y.City=‘san_jose’
0.9x0.93=0.83
[Example from Suciu et al 2011]
Querying: probabilistic db
23
select x.Product, x.Company
from ProducesProduct x, HeadquarteredIn y
where x.Company=y.Company and 
y.City=‘san_jose’
0.87x0.93=0.80
[Example from Suciu et al 2011]
answer tuples ranked by 
probability
Querying: probabilistic db
23
select x.Product, x.Company
from ProducesProduct x, HeadquarteredIn y
where x.Company=y.Company and 
y.City=‘san_jose’
[Example from Suciu et al 2011]
PDB with tuple-level 
uncertainty in ProbLog?
24 [Example from Suciu et al 2011]
PDB with tuple-level 
uncertainty in ProbLog?
0.96::producesProduct(sony,walkman).
0.96::producesProduct(microsoft,mac_os_x).
0.96::producesProduct(ibm,personal_computer).
0.9::producesProduct(microsoft,mac_os).
0.9::producesProduct(adobe,adobe_indesign).
0.87::producesProduct(adobe,adobe_dreamweaver).
...
24 [Example from Suciu et al 2011]
ProbLog by example:
Rain or sun?
25
0.5::weather(sun,0) ; 0.5::weather(rain,0).
ProbLog by example:
Rain or sun?
day 0
0.5
0.5
25
0.5::weather(sun,0) ; 0.5::weather(rain,0).
0.6::weather(sun,T) ; 0.4::weather(rain,T) 
               :- T>0, Tprev is T-1, weather(sun,Tprev).
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Rain or sun?
day 0
0.5
0.5
day 1
0.6
0.4
day 2
0.6
0.4
day 3
0.6
0.4
day 4
0.6
0.4
day 5
0.6
0.4
day 6
0.6
0.4
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0.5::weather(sun,0) ; 0.5::weather(rain,0).
0.6::weather(sun,T) ; 0.4::weather(rain,T) 
               :- T>0, Tprev is T-1, weather(sun,Tprev).
0.2::weather(sun,T) ; 0.8::weather(rain,T) 
               :- T>0, Tprev is T-1, weather(rain,Tprev).
ProbLog by example:
Rain or sun?
day 0
0.5
0.5
day 1
0.6
0.4
day 2
0.6
0.4
day 3
0.6
0.4
day 4
0.6
0.4
day 5
0.6
0.4
day 6
0.6
0.4
0.8
0.2
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0.2
0.8
0.2
0.8
0.2
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0.5::weather(sun,0) ; 0.5::weather(rain,0).
0.6::weather(sun,T) ; 0.4::weather(rain,T) 
               :- T>0, Tprev is T-1, weather(sun,Tprev).
0.2::weather(sun,T) ; 0.8::weather(rain,T) 
               :- T>0, Tprev is T-1, weather(rain,Tprev).
ProbLog by example:
Rain or sun?
day 0
0.5
0.5
day 1
0.6
0.4
day 2
0.6
0.4
day 3
0.6
0.4
day 4
0.6
0.4
day 5
0.6
0.4
day 6
0.6
0.4
0.8
0.2
0.8
0.2
0.8
0.2
0.8
0.2
0.8
0.2
0.8
0.2
infinite possible worlds! BUT: finitely many partial 
worlds suffice to answer any given ground query
25
26
day 0
0.5
day 1
0.6
day 2
0.4
?- weather(rain,2).
day 0
0.5
day 1 day 2
0.4
0.2
day 0
0.5
day 1
0.4
day 2
0.8
day 0
0.5
day 1 day 2
0.8 0.8
Possible worlds
P1=0.12
P=P1+P2+P3+P4
P2=0.16
P3=0.04 P4=0.32
• probabilistic choices + their consequences
• probability distribution over possible worlds
(as in probabilistic databases)
• next: how to efficiently answer questions?
ProbLog
27
Roadmap
• Modeling 
• Reasoning
• Language extensions
28
Reasoning
29
Answering Questions
program
queries
evidence
marginal
probabilities
conditional
probabilities 
MPE state
Given: Find:
?
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knowledge 
compilation
Answering Questions
program
queries
evidence
marginal
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conditional
probabilities 
MPE state
Given: Find:
?
possible worlds
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logical reasoning
probabilistic inference
data structure
1. using proofs
2. using models
30
knowledge 
compilation
Logical Reasoning: 
Proofs in Prolog
stress(ann).
influences(ann,bob).
influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).
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Logical Reasoning: 
Proofs in Prolog
stress(ann).
influences(ann,bob).
influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).?- smokes(carl).
?- stress(carl). ?- influences(Y,carl),smokes(Y).
?- smokes(bob).
?- stress(bob). ?- influences(Y1,bob),smokes(Y1).
?- smokes(ann).
?- influences(Y2,ann),smokes(Y2).?- stress(ann).
proof = facts used in successful derivation: 
influences(bob,carl)&influences(ann,bob)&stress(ann)
Y=bob
Y1=ann
31
Proofs in 
ProbLog
0.8::stress(ann).
0.6::influences(ann,bob).
0.2::influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).
influences(bob,carl)&influences(ann,bob)&stress(ann)
?- smokes(carl).
?- stress(carl). ?- influences(Y,carl),smokes(Y).
?- smokes(bob).
?- stress(bob). ?- influences(Y1,bob),smokes(Y1).
?- smokes(ann).
?- influences(Y2,ann),smokes(Y2).?- stress(ann).
Y=bob
Y1=ann
probability of proof = 0.2 × 0.6 × 0.8 = 0.096
32
influences(bob,carl)
& influences(ann,bob)
& stress(ann)
Proofs in 
ProbLog
0.8::stress(ann).
0.4::stress(bob).
0.6::influences(ann,bob).
0.2::influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).
?- smokes(carl).
?- stress(carl). ?- influences(Y,carl),smokes(Y).
?- smokes(bob).
?- stress(bob). ?- influences(Y1,bob),smokes(Y1).
?- smokes(ann).
?- influences(Y2,ann),smokes(Y2).?- stress(ann).
Y=bob
Y1=ann
0.2×0.6×0.8 
= 0.096
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influences(bob,carl)
& influences(ann,bob)
& stress(ann)
Proofs in 
ProbLog
0.8::stress(ann).
0.4::stress(bob).
0.6::influences(ann,bob).
0.2::influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).
?- smokes(carl).
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Y=bob
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= 0.096
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& influences(ann,bob)
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Proofs in 
ProbLog
0.8::stress(ann).
0.4::stress(bob).
0.6::influences(ann,bob).
0.2::influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).
?- smokes(carl).
?- stress(carl). ?- influences(Y,carl),smokes(Y).
?- smokes(bob).
?- stress(bob). ?- influences(Y1,bob),smokes(Y1).
?- smokes(ann).
?- influences(Y2,ann),smokes(Y2).?- stress(ann).
Y=bob
Y1=anninfluences(bob,carl)& stress(bob)
0.2×0.6×0.8 
= 0.096
0.2×0.4 
= 0.08
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influences(bob,carl)
& influences(ann,bob)
& stress(ann)
Proofs in 
ProbLog
0.8::stress(ann).
0.4::stress(bob).
0.6::influences(ann,bob).
0.2::influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).
?- smokes(carl).
?- stress(carl). ?- influences(Y,carl),smokes(Y).
?- smokes(bob).
?- stress(bob). ?- influences(Y1,bob),smokes(Y1).
?- smokes(ann).
?- influences(Y2,ann),smokes(Y2).?- stress(ann).
Y=bob
Y1=anninfluences(bob,carl)& stress(bob)
0.2×0.6×0.8 
= 0.096
0.2×0.4 
= 0.08
proofs overlap! 
cannot sum probabilities 
(disjoint-sum-problem)
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Disjoint-Sum-Problem
possible worlds
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0.0576
0.0384
0.0256
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∑ = 0.1376
34
infl(bob,carl) &   infl(ann,bob) &   st(ann) & \+st(bob) 
infl(bob,carl) &   infl(ann,bob) &   st(ann) &   st(bob)
infl(bob,carl) & \+infl(ann,bob) &   st(ann) &   st(bob)
infl(bob,carl) &   infl(ann,bob) & \+st(ann) &   st(bob)
infl(bob,carl) & \+infl(ann,bob) & \+st(ann) &   st(bob)
...
Disjoint-Sum-Problem
influences(bob,carl) & stress(bob)
influences(bob,carl) & 
influences(ann,bob) & stress(ann)
possible worlds
sum of proof probabilities: 0.096+0.08 = 0.1760
0.0576
0.0384
0.0256
0.0096
0.0064
∑ = 0.1376
34
solution: knowledge compilation
Initial Approach 
(ProbLog1 & others)
Find all proofs of query
calculate marginal by 
dynamic programming
Binary Decision 
Diagram (BDD)
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Binary Decision 
Diagram (BDD)
0.4::heads(1).
0.7::heads(2).
0.5::heads(3).
win :- heads(1).
win :- heads(2),heads(3).
win
truefalse
win?
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0 1
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heads(1)
heads(2) & heads(3)
Initial Approach 
(ProbLog1 & others)
Find all proofs of query
calculate marginal by 
dynamic programming
Binary Decision 
Diagram (BDD)
0.4::heads(1).
0.7::heads(2).
0.5::heads(3).
win :- heads(1).
win :- heads(2),heads(3).
win
win?
0.4
h(1)
h(2)
h(3)
0 1
[De Raedt et al, IJCAI 07; Kimmig et al, TPLP 11]
0.6
0.70.3
0.50.5P(win) = 
probability of 
reaching 1-leaf
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• Forward reasoning to construct unique model:
Logical Reasoning: 
Models in Prolog
stress(ann).
influences(ann,bob).
influences(bob,carl).
smokes(X) :- stress(X).
smokes(X) :- 
     influences(Y,X), 
     smokes(Y).?- smokes(carl).
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P ( L)  P ( )  P ( U )
• Approximate inference with bounds
• Sampling
• Lifted inference (first-order d-DNNF)
• Parameter learning from partial interpretations
• Learning probabilistic rules
More...
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 L |=   |=  U
P ( L)  P ( )  P ( U )
Roadmap
• Modeling 
• Reasoning
• Language extensions
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Extensions of basic PLP
Distribution Semantics [Sato, ICLP 95]:
probabilistic choices + logic program
→ distribution over possible worlds
continuous RVs
decisions
constraints
time & dynamics
programming 
constructs
semiring 
labels
...
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Causal Probabilistic Time-
Logic (CPT-L)
[Thon et al, MLJ 11]
how does the 
world change 
over time?
0.4::conquest(Attacker,C); 0.6::nil :- 
             city(C,Owner),city(C2,Attacker),close(C,C2). 
if cause holds at time T
one of the effects holds at time T+1
47
Relational State Estimation 
over Time
48 [Nitti et al, IROS 13]
Magnetism scenario
• object tracking
• category estimation 
from interactions
Box scenario
• object tracking even 
when invisible
• estimate spatial relations
Relational State Estimation 
over Time
48 [Nitti et al, IROS 13]
Magnetism scenario
• object tracking
• category estimation 
from interactions
ProbLog for activity recognition from 
video
 
 
49 [Skarlatidis et al, TPLP 13]
Decisions
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decide truth values of 
some atoms
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DTProbLog
? :: marketed(P) :- person(P).
0.3 :: buy_trust(X,Y) :- friend(X,Y).
0.2 :: buy_marketing(P) :- person(P).
buys(X) :- friend(X,Y), buys(Y), buy_trust(X,Y).
buys(X) :- marketed(X), buy_marketing(X).
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person(4).
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task: find strategy that maximizes expected utility
solution: using ProbLog technology
52
 Causes: Mutations
 All related to similar 
phenotype
 Effects: Differentially expressed 
genes
 27 000 cause effect pairs
 Interaction network:
 3063 nodes
 Genes
 Proteins
 16794 edges
 Molecular interactions
 Uncertain
 Goal: connect causes to effects 
through common subnetwork
 = Find mechanism
 Techniques:
 DTProbLog
 Approximate inference
[De Maeyer et al., Molecular Biosystems 13, NAR 15]
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Phenetic
Roadmap
• Modeling 
• Reasoning
• Language extensions
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Further Reading
• L. De Raedt and A. Kimmig. Probabilistic (logic) 
programming concepts. MLJ, 100(1), 5-47, 2015. 
• A. Kimmig, L. Mihalkova, and L. Getoor. Lifted 
graphical models: a survey. MLJ, 99(1), 1-45, 2015. 
• L. De Raedt, K. Kersting, S. Natarajan, and D. Poole. 
Statistical Relational Artificial Intelligence: Logic, 
Probability and Computation. Synthesis Lecture on 
AI & ML. Morgan Claypool, 2016.
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• PRISM http://sato-www.cs.titech.ac.jp/prism/
• ProbLog2 http://dtai.cs.kuleuven.be/problog/
• Yap Prolog http://www.dcc.fc.up.pt/~vsc/Yap/ includes
• ProbLog1
• cplint https://sites.google.com/a/unife.it/ml/cplint
• CLP(BN)
• LP2
• PITA in XSB Prolog http://xsb.sourceforge.net/
• AILog2 http://artint.info/code/ailog/ailog2.html 
• SLPs http://stoics.org.uk/~nicos/sware/pepl
• contdist http://www.cs.sunysb.edu/~cram/contdist/
• DC https://code.google.com/p/distributional-clauses
• WFOMC http://dtai.cs.kuleuven.be/ml/systems/wfomc
PLP 
Systems
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